Image-guided ablation therapy has been widely used as a minimally invasive treatment for hepatic malignant tumors. Image registration is very useful during such operations, especially for multimode tumor ablation therapy. This research proposes a novel idea for performing MR-CT registration in multimode tumor ablation therapy based on liver segmentation. First, the liver is segmented from the preoperative 3D MR image and the intraoperative 3D CT image using a deep learning method based on a modified UNet++ architecture. Then, the preoperative MR image and the intraoperative CT image are coregistered using rigid and nonrigid registration methods with the segmented liver as the region of interest. The segmented binary images, rather than gray-level images, are aligned in the rigid registration step, which proves to be faster and more accurate than the registration method based on gray information. For the nonrigid registration, a multilevel free-form deformation method is applied to correct tiny misalignments. Finally, our method was validated using clinical data from 15 patients. The proposed method achieved an average Dice coefficient and target registration error of 93.36±1.21% and 4.42±2.35 mm, respectively, and it can help interventional radiologists adjust the probe position in clinical work.
I. INTRODUCTION
Hepatic cancer is one of the most dangerous diseases in China [1] . To cure this disease, various methods have been proposed and are mainly divided into four categories: (1) surgical resection, (2) radiation therapy, (3) chemotherapy, and (4) ablation therapy, which is widely used because it is minimally invasive, low-cost and easy to perform.
At present, the widely used thermophysical ablation techniques in clinical practice are radiofrequency ablation (RFA), microwave ablation (MWA), laser ablation (LA) and cryoablation, which are based on high-temperature coagulation or low-temperature freezing. In addition, irreversible electroporation (IRE) is one of the latest technologies for tumor ablation; an electric field is generated by a direct current pulse, which causes irreversible cell damage and cell
The associate editor coordinating the review of this manuscript and approving it for publication was Kathiravan Srinivasan . death. Currently, the clinical application of IRE is still being explored. Based on the above research, our team innovatively combined cryotherapy, radiofrequency ablation therapy, and thermophysical immunotherapy, and we proposed multimode ablation therapy for the first time.
Multimode ablation therapy is a minimally invasive interventional operation. The operation mainly involves three steps: cryoablation, rewarming and radiofrequency ablation [2] . In the first step, which is vital to the whole operation, the probe is inserted into the patient's abdomen with the guidance of the CT image. Generally, liver tumors are not visible in CT images due to the lack of contrast agent, so MR images are obtained before the operation. After the probe is inserted, doctors estimate and adjust the position of the probe; preoperative MR images and intraoperative CT images are shown in Fig. 1 .
However, manual evaluation is very subjective and uncertain, even for experienced doctors. Image registration, VOLUME 8, 2020 This especially multimodal image registration techniques, can solve this problem. Multimodal image registration can integrate different features of images in different modalities, but the registration of liver images is still a challenge because liver tissue is prone to deform nonlinearly. Cao et al. [3] proposed a new method to detect the features of multimodal images that can integrate geometric algebra (GA) into the speeded up robust features (SURF) framework. To register CT and MR images, Huang et al. [4] chose mutual information as the similarity measure and Powell as the optimizer, and an affine transformation was applied to the images. Clearly, this method is not suitable for cases in which the liver shows nonlinear deformation. Song et al. [5] utilized the B-splines free-form deformation (B-FFD) registration and limited memory Broyden-Fletcher-Goldfarb-Shannon (L-BFGS) optimizer, which reduced the time consumed of registration. Archips et al. [6] proposed a finite element method (FEM) to register the preoperative MR image to the unenhanced CT image. The above methods are all based on a global registration. These methods will spend much time on computations of the similarity measure, transformation and interpolation because all the pixels or voxels will be computed during the optimization process.
The aim of registration between CT and MR images of the liver is to align the liver in both images. Using global registration will cost much time and affect the registration accuracy. In particular, the difference in the gray level of pixels between the liver and other organs, including the subcutaneous tissue, kidney and stomach, is very slight, which will affect the whole registration, and moreover, the optimization process may converge to a local minimum. Thus, the region of interest is necessary to consider here. Some researchers have tried to register pre-and intraoperative images with the segmented liver as a mask [7] - [9] . However, their liver segmentation techniques, which are mostly manual, are time consuming and not sufficiently accurate. Although Saito et al. [10] solved this problem by segmenting the liver using a deep learning method, their result is still not sufficiently accurate. Zhang et al. [11] proposed an efficient method based on Couinaud's theory for segmenting the liver in clinical cases, but this method is not fully automatic.
Currently, liver registration between multimodal images is still a challenge, especially when the orientation in the CT images is different from that in the MR images, as in Fig. 1 (b1) and (b2) and in (c1) and (c2). In such cases, the deformations of the liver between the MR and CT images are more irregular and larger than those in cases where the patient has the same orientation in both images. To solve this problem, we proposed a new idea for registering the preoperative MR image and intraoperative CT image that takes the liver as the ROI (region-of-interest), this method proves to have great efficiency and accuracy and can be applied in clinics in the future.
The remainder of this paper is organized as follows: details about the proposed method, including liver segmentation and a coarse-to-fine registration strategy, will be presented in section II. Section III will show the results of the experiments. The last section presents the conclusion and discussion.
II. METHOD
This work proposed a novel idea for performing registration during liver tumor ablation surgery based on liver segmentation. The proposed method mainly involves two steps: liver segmentation and multimodal registration. Fig. 2 is a simple flow chart of the whole method.
First, the livers are segmented from the preoperative MR image and the intraoperative CT image using a deep learning method. Then, the preoperative MR image and the intraoperative CT image are coregistered using rigid and nonrigid registration methods with the segmented livers as the ROIs. The segmented binary images, rather than gray-level images, are aligned in the rigid registration step. For nonrigid registration, a multilevel free-form deformation (FFD) method is applied to correct tiny misalignments.
A. LIVER SEGMENTATION
The deep learning technique has made significant progress in recent years, especially in the field of computer vision. The advantage of deep learning is that important hierarchical relationships within the image can be discovered without laborious hand-crafting of features [12] . A convolutional neural network is faster and more accurate than conventional methods such as level sets and graph cuts in image segmentation. The advent of U-Net [13] promoted the development of medical image processing. Zhou et al. [14] proposed the UNet++ architecture based on U-Net, which re-designed the skip pathways and used deep supervision. It is a new, more powerful architecture for medical image segmentation. Therefore, in our proposed method, UNet++ is applied in segmenting livers, and we also add a residual structure [15] in the convolution block ( Fig. 3(b) ) to avoid the vanishing gradient problem. The structure of UNet++ [14] is shown in Fig. 3(a) . For stable convergence, we chose a combination of binary cross-entropy (BCE) and the Dice coefficient as the loss function L, which is defined as:
where y is the ground truth andŷ is the predicted mask, Dice and BCE are described as:
Once the liver segmentation has finished, the 2D masks are transformed into NIfTI format so the registration can then be performed in three dimensions. A coarse-to-fine strategy is adopted during this process; that is, rigid registration between the segmented binary masks is performed before nonrigid registration. The aim of this is to avoid local optimums.
1) RIGID REGISTRATION
Rigid registration has been a proven technique until now, but for liver registration, rigid transformation can only be an initial registration of the next deformable registration. Even so, the result should be as accurate as possible; otherwise, deformable registration will cost a great deal of time and not converge to the global optimum.
Museyko et al. [16] found that binary segmentation masks can improve the registration accuracy of bone structures in CT images, which indicates that gray information may influence the optimization process and cause it to converge to a local extremum. Therefore, in the proposed method, we use the rigid registration between the segmented binary masks ( Fig. 4(a) and Fig. 4(c) ) to initialize the following FFD registration. The similarity measure here is the Kappa statistic (KS) [17] , which measures the overlap between two binary images and is given as:
where I F is the fixed image, I M is the moving image, F and M are the domains of the fixed and moving images, respectively, T is the transformation with parameter µ and 1 is the indicator function. A two-layer image pyramid is utilized here; the bottom layer is the original binary image, and the top layer is the half sample of the original. To ensure that the optimization procedure can converge to a minimum, each layer will be iterated hundreds of times.
2) FFD REGISTRATION
After the initial registration is performed, the MR liver image ( Fig. 4(b) ), which only includes the liver, is transformed using the initial registration parameters, and then the transformed MR liver is registered to the intraoperative CT liver image ( Fig. 4(d) ) nonlinearly.
Rueckert et al. [18] have applied the FFD method to register breast MR images, which shows that the FFD technique can handle situations in which organs have large, nonlinear deformations.
In this stage, a multilevel FFD based on B-splines is applied, and the metric is the mutual information (MI) proposed by Maes et al. [19] , which is defined as
where H is the image entropy. Once the FFD registration is finished, the original preoperative MR image is transformed using the deformation field, then, we obtain the final deformed MR image. 
III. RESULTS
All the images used are from the Shanghai Cancer Center, Fudan University and the hepatic cancer includes primary and secondary tumors. The preoperative T1 MR images with spacing = 1.188 mm × 1.188 mm × 3.0 mm were acquired several weeks to one month before an interventional operation, the sizes of which mainly include 320 × 260 and 256 × 256. The thickness of the intraoperative CT images without contrast agent is 3 mm, and the size is 512 × 512, but the spacing varies from 0.732 mm × 0.732 mm to 0.920 mm × 0.920 mm. The proposed method is implemented on a graphic workstation with an Intel R Xeon (R) CPU E5-2673 v3 @ 2.40 GHz and an NVIDIA GTX 1080 Ti GPU. At the beginning of this research, 40 patient datasets were acquired, 24 of which are cases where the patient has the same orientation before and during the surgery. The other 16 datasets are cases where the patient has a different orientation, usually lying supine during MR imaging and lying prone or on one side during CT scanning.
A. LIVER SEGMENTATION
In this stage, 25 datasets are used to train the models, and the remaining 15 datasets are the testing datasets. The CT testing datasets include 9 volumes that are in the supine position, and the other 6 volumes are in different positions.
All 40 pairs of images were segmented manually and then evaluated by experienced radiologists. The training volumes were formatted as groups of 2D images in PNG format in advance. The MR and CT images were trained separately due to their different modalities. The input size of the MR segmentation model was 256 × 256, while that of the CT segmentation model was 512 × 512. The Adam optimizer with a learning rate of 5e-5 was used to search the optimum solution, and the global Dice coefficient was used to monitor the training procedure and evaluate the segmentation accuracy of the testing datasets. The model with the highest Dice was output as the solution. The batch size was 3 for both the MR and CT training.
Finally, the Dice coefficients of the MR and CT testing datasets are 95.37% and 96.01%, respectively. Due to the powerful graphic processing units, only 0.05 s and 0.14 s are needed for segmenting an MR and a CT slice, respectively. The liver segmentation model is fast and accurate enough for clinical application and the next registration step. Fig. 5 shows the results of MR and CT liver segmentation. In addition, we also trained the U-Net and original UNet++ networks. Fig. 6 shows the performance of different methods. The modified UNet++ shows significant gains over the other two networks. Table 1 compares the Dice coefficients of the three networks in MR and CT liver segmentation.
B. REGISTRATION
The registration algorithm was complemented by the opensource toolkit Elastix [17] , a convenient and powerful tool for image registration. Due to the contribution of Huizinga et al. [20] , the FFD registration can be performed in tens of seconds. In the FFD registration, a four-layer image pyramid was utilized, the maximum numbers of iterations in each layer were 600 and the number of histogram bins was 32.
We registered the remaining 15 pairs of images, i.e., the testing datasets, to evaluate the proposed method. Fig. 7 shows the registration results of three different orientations with checkerboards, which show that the proposed method can correct nonlinear distortions even when the MR and CT images have different orientations. Once the registration is performed, the fusion image of the preoperative CT and the deformable MR can show the relative positions of the liver tumor and the ablation probe, as shown in Fig. 8 . In this way, interventional radiologists can adjust the position of the probe so that the ablation region can cover the entire tumor.
Additionally, in order to demonstrate the rapidity, robustness and accuracy of the proposed method, we compared the other two methods-full registration, in which registration was performed on the whole image, and gray-level registration, which initializes the FFD with a rigid registration based on gray information-with the proposed method according to the Dice coefficient, target registration error (TRE) and runtime. The Dice coefficient is computed by (2), the inputs of which includes the intraoperative CT liver mask and the deformed MRI liver mask. For the TRE, 5 pairs of landmarks, which mainly include the fork points of the vessels in liver, are chosen manually and checked by an experienced radiologist. The comparison is shown in Table 2 . This indicates that the proposed method has outstanding performance on all three metrics. The full registration produces the worst result due to the effect of other organs and tissues in addition to the liver.
The proposed method applied binary masks to perform the rigid registration, which performed better than the method based on gray information partly because the shape information is more important than the intensity in the rigid stage. Moreover, the boxplots of the Dice coefficients of the registration results obtained for 15 patients by the three methods, shown in Fig. 9 , also show that the proposed method is more accurate and robust than the other two methods.
IV. CONCLUSION AND DISCUSSION
This research aims to provide a fast, accurate and robust registration method to assist interventional physicians in estimating and adjusting the position of the ablation probe during a multimode hepatic malignant tumor ablation surgery guided by CT imaging. In the proposed method, we focus our attention on the liver region and exclude other irrelevant organs and tissues by liver segmentation. We apply a deep learning method based on the modified UNet++ architecture, which involves a residual block, to segment the liver from the preoperative MR image and intraoperative CT image rapidly and accurately, the result of liver segmentation indicates that the modified UNet++ is more powerful than U-Net [13] and UNet++ [14] . Then, a coarse-to-fine registration strategy is applied. In the initial registration, we propose performing a rigid registration on the segmented binary masks instead of on the gray-level image, the results of which suggest that binary registration is faster, more robust and more accurate than grayscale-based registration. This is a simple but significant change, because the final registration will be unsuccessful if the initial registration fails. Finally, to correct local misalignments, a multilevel FFD based on B-spline registration is performed.
Foruzan and Motlagh [8] applied several traditional methods include EM algorithm together with K-means and active contours to segment livers, which is too slow for the clinical practice. Our experiments demonstrate that the proposed method is more accurate and more robust than other methods, especially for cases in which the patient's orientation in the CT image is different from that in the MR image. In the clinical practice, the proposed method can help doctors evaluate and adjust the probe position by displaying the relative positions of the liver tumor and the ablation probe intuitively. In addition, the inputs of the proposed method only involve the preoperative MR image and the intraoperative CT image, so theoretically, compared to other methods that require the use of the preoperative CT image, the proposed method can benefit patients by reducing the radiation exposure. In future research, we will consider accelerating the FFD registration process using a powerful GPU.
